Abstract: Infrared imaging is the order of the day. Infrared imaging finds its applications extensively in defence related areas. Pedestrian detection in IR image is a challenging problem. This paper addresses this problem using fuzzy-based enhancement followed by top-hat transform. The proposed method is adaptive in the sense that the parameters required for the process are calculated adaptively based on the image characteristics. Experimental results on the standard dataset show the robustness of the proposed method with 90% detection rate of pedestrians under different conditions and outperform the other existing methods.
Introduction
Object detection has been a fundamental problem in infrared (IR) images with widespread applications such as night vision, automotive driving assistant systems, image retrieval, target acquisition, weather forecasting, homing and tracking, surveillance, detection and alarming of high dangerous areas etc. Among these widespread applications, pedestrian detection is one of the major areas of concern (Zhang et al., 2014) for defence applications in particular. Infrared image differs from visible image, as it captures the heat emitted from objects. Infrared system is very useful in pedestrian detection during the day as well as the night, when compared to visible camera which fails to detect the same during the night. Though usage of infrared system is beneficial, the obtained infrared image might be degraded due to clutter background, low signal to noise ratio (SNR), sensor noise, low foreground, heavy noise, poor illumination and appearance of pose, body shape, size and intensity (Tan et al., 2013) . These difficulties make the pedestrian detection challenging in infrared image. Hence, automatic pedestrian detection is an active locale of research. The objective of this paper is to develop an automatic pedestrian detection technique from clutter background, with low false alarm rate.
The existing automatic target detection methods are classified into two categories such as single image and sequence of images. In this paper, focus is made on the single image. In general, target detection includes a pre-processing step to suppress the background on top of enhancing the foreground target object. The existing pre-processing methods are summarised in Table 1 .
From Table 1 , it is observed that there exists a wide variety of methods for pre-processing mechanisms but each method has some drawbacks. A pre-processing method with minimal drawbacks and enhance the perceptual visualisation is required. In this paper an improved version of Pal et al. (1981) is proposed.
From the pre-processed image, targets are detected using various detection methods such as the thresholding, template matching, saliency detection method. The summary of the existing target detection methods is given in Table 2 .
From Table 2 , it is observed that object detection is challenging when the images have heavily clutter background. The proposed fuzzy-based enhancement procedure alone cannot detect the targets. Some post-processing technique is required for accurate target detection. For this purpose, in this paper a top-hat transform followed by locally adaptive thresholding method is proposed as post-processing technique for target detection. Table 1 Summary of different pre-processing mechanisms and its drawbacks
Theme

Methods
Description
Drawbacks
Filters
Max-mean/max-median (Deshpande et al., 1999) This filter finds the max and mean/max and median intensity values of all the pixels in the image.
• Median filter is relatively expensive and complex to compute.
• Any structure that occupies size less than half of the filters neighbourhood will tend to be eliminated.
• Fails when small targets are surrounded by heavy clutter.
Kernel filter (Leonov, 2001 ) Convolution of mask with original image.
• Filter responds strongly for brighter regions.
• Blurs the edges since kernel chosen is linear filter.
• Choosing appropriate kernel for the image is very difficult.
Adaptive lattice (Ffrench et al., 1997) This filter has better numerical properties than direct form adaptive filter.
• Possible instability of the filter.
Quadric correlation filter (QCF) (Mahalanobis et al., 2004 )) The QCF works straight on the image information without feature extraction.
• Large number of linear filters are required • Each linear filter is designed to operate independent of the others and merging all the results by searching strong points (intersection of results)
Matched filter (Funk et al., 2001 ) A matched filter or north filter is obtained by correlating a known pixel or template, with an unknown pixel to detect the presence of the template in the unknown pixel. This filter maximises the SNR in the image.
• It is susceptible to certain types of noise. For example: it would be difficult to find the object when it is rotated, zoomed or shrinked or distorted in some other way.
Median subtraction filter (Barnett, 1989) This method generates the background model from image then subtract the original image from background and then using global threshold to identify target.
• If background is bimodal result is not good.
• If lighting condition is poor then false alarm rate increases.
T D L M S (Cao et al., 2008 ) TDLMS is an adaptive filter. It works using the stochastic gradient descent based method, to minimise the mean square between the output of the adaptive filer and known pixels.
• Slow rate of convergence • Sensitive to the noise • Blurring of lines and edges in image • Fails to detect the small targets consistently under heavy noise and distinct cloud edges.
Table 1
Summary of different pre-processing mechanisms and its drawbacks (continued)
Theme
Methods
Description
Drawbacks
Filters
Laplacian of Gaussian (Shao et al., 2012 ) Laplacian filter is a derivative filter used to find the rapid changes in image. The Laplacian filter is very sensitive to noise. The common practice is to smoothen the image with Gaussian filter before applying Laplacian.
• It is very sensitive to noise.
• Fails to detect the target during heavy clutter background.
Bilateral 2-D least mean square filter ) Initially original image is filtered by Gaussian filter. On the filtered image TDLMS with a selected step size rightward and leftward applied.
• Blurs the edges in image.
• Time consuming.
Weighted self-information map (Deng et al., 2013 ) Weighted self-information map use parzen window concepts to suppress the background noise.
• Performance depends on various parameters.
• Target growing effect.
Wavelet transform DD-DT wavelet transform (Li et al., 2010) This method is used to extract the wavelet entropy from high frequency sub-band. This gives image feature accurately.
• If small object is occluded with background then false alarm rate is high.
Hilbert-wavelet transform (Shaik and Iftekharuddin, 2003 ) Hilbert-wavelet transform uses the correlation to identify the rotated and scaled object.
• This method fails to detect the non-dominant features of the object.
• Sensitive to noise.
Probability density functions of wavelet transform (Sadjadi, 2004) This method is used in clustering algorithm to segment the objects from their background scene.
• Miscarry the cluster when the target is small.
Wavelet-based multi-scale energy cross (Chengjun et al., 2003) Wavelet decomposition defines the multi-scale mutual energy cross function to eliminate the extreme infrared clutter.
• Wavelet decomposition can eliminate small target also.
Morphological operators Classical top-hat transform (Zhang et al., 2005) The dilation and erosion operators are used to enhance the image.
• When clutter is heavy and target is dim, it is inefficient.
Modified top-hat transform (Bai and Zhou, 2010b ) Multiscale top hat transform is used to enhance the dim target and suppress the noise.
• Parameter dependent. Table 2 Summary of target detection techniques and its drawbacks
Theme
Methods
Description Drawbacks
Thresholding Local thresholding (Shao et al., 2012; Sun and Kwak, 2006; Parker, 1991) Thresholding is defined based on pixel intensity and adjacency.
• Mislead the result when the comprised object has discontinuity in pixels.
Improved image thresholding (Kamgar-Parsi, 2001) Threshold is determined by finding the consensus among the thermal gaps. Consensus means finding the grey level value that is most representative of the gaps containing the threshold.
• Finding the largest gap in an image is not an easy task.
Shape resolving local thresholding (Park, 2001 ) Selecting local threshold based on the area variation rate and the compactness of the segmented shape.
• Due to discontinuity in pixels, the detection rate decreases.
Thresholding using entropy of histogram (Kapur et al., 1985) ) Choosing a threshold from the grey-level histogram of the image was derived from the entropy.
• For two different images with the same grey-level histogram, same threshold value can be used.
Threshold selection from grey-level histogram (Otsu, 1975 ) Threshold is defined with zero and first order cumulative moments of the grey-level histograms.
• Noise heavy in the image.
• False alarm rate is high.
Iterative threshold (Bai and Zhou, 2010a) Threshold is determined by iteratively.
• Detection of small target in image fails.
Template matching
Improved template matching (Liu et al., 2012 ) The projection coefficients obtained from principal component analysis are used as templates and a nonlinear correlation method is proposed to measure the similarity.
• The background will have more dominant pixels than foreground object leading to false detection.
Scale invariant template matching (Yoo et al., 2014 ) First extract the gradient from template image and matched with the target image.
Saliency detection method Directional saliency-based method (Qi et al., 2013 ) Image was decomposed first using second order directional derivative and then saliency map is generated with phase spectrum of Fourier transform.
• Huge workload.
• False alarm rate is more for some test images.
Saliency extraction method (Zhao et al., 2013 ) Saliency map is designed using the band-pass filter with low frequency cut-off value and high frequency cut-off value.
• Detection is difficult when target is small.
The rest of the paper is organised as follows: in Section 2, mathematical preliminaries required for this work are given; Section 3 proposed methodology is described in detail; in Section 4, experimental results and performance analysis are presented; Section 5 concludes the work.
Preliminaries
In this section, the concepts of fuzzy set, fuzzy image representation, morphological theory and local thresholding are reviewed.
Definition of fuzzy set
A fuzzy set A containing the finite number of supports x 1 , x 2 …,x n in the universe of disclosure X can be defined as a set of ordered pairs (Pal and King, 1981) . Mathematically, A is represented as
or in union form, 1, 2, ,
where μ A (i) is the membership function, 0 ≤ μ A (i) ≤ 1, which indicates the degree that x i belongs to A. A fuzzy singleton, is a fuzzy set, has only one point. If μ A (i) = 0.5, x i is said to be the cross over point in A.
With the concept of fuzzy set, an image X of dimension I × J and L grey levels can be considered as an array of fuzzy singletons, each having a value of membership denoting its degree of brightness relative to some brightness level l, l = 0, 1, 2,…,L -1. The image
where μ ij is membership value of each image pixel point in x ij . The membership function characterises a suitable property of image such as edge, darkness, brightness, homogeneity, textural property and can be defined globally for the whole image or locally for its segments.
Mathematical morphology
Mathematical morphology generally has been used in image processing with the energetic basic operations such as erosion, dilation, opening and closing (Mohan and Ravishankar, 2013) . These operators are used for feature extraction, background equalisation and so on.
Let X(i, j) represent the input image, B(m, n) represent the structuring element where (i, j) and (m, n) are the pixel coordinates of X and B respectively. The erosion and dilation are defined in equations (4) and (5) 
where inf denotes the infimum and sup denotes the supremum. Based on these two operators, important composite operators opening and closing are defined in equations (6) and (7) respectively.
Local thresholding
The simplest approach to detect the object in an image is thresholding. Thresholding is used to segment an image by setting all pixels whose intensity values are above a threshold to a foreground value and the rest to a background value. The resultant of thresholding is a binary image. The peak of the histogram is used as threshold. If multiple peaks are present then the average of peak values is chosen as threshold otherwise an adaptive mechanism to calculate the threshold needs to be defined. There are two approaches for finding the adaptive threshold -the Chow and Kaneko approach (Nakagawa and Rosenfeld, 1979) and local thresholding (Gonzalez and Woods, 2002) . Chow and Kaneko divide an image into an array of overlapping sub-images and then find the optimum threshold for each sub-image by examining its histogram. The drawback of this method is computationally expensive and always not fit for real-time applications. Local thresholding is finding threshold from each block of pixel intensity values in input image using statistical measures such as mean, mode, median, standard deviation etc. This method is very simple, fast and produce efficient results for some real-time applications.
Proposed methodology
The proposed system consists of three parts: fuzzy set-based enhancement, top-hat transform and local adaptive thresholding. The block diagram of the proposed method is shown in Figure 1 . The steps involved in the proposed method are as follows:
1 Read the given IR image (x) a fuzzify the input image using equation (8) b modification of the fuzzified image using equation (10) c defuzzification of the modified fuzzified image using equation (11).
2 Top-hat transformation performed on defuzzified image using equation (12).
3 Local adaptive thresholding is applied using equation (14).
Fuzzy set-based enhancement
The IR image can be blurred due to atmospheric changes such as heavy haze, untidiness background, light rain, heavy rain, moderately cloudy, mostly cloudy, temperature and sensor difficulties such as lens deviation, optical defocusing, poor illumination, detector angle, dispersion, distortion. These cases either independently or combinedly occur in IR image and make the pedestrian appearance such as pose and shape not clear. To overcome this, a fuzzy-based enhancement is proposed in this paper. In fuzzy image processing the first step is the fuzzification process defined as converting the image from spatial domain into fuzzy domain (Pal and King, 1981) . It is defined as
where x max is the maximum intensity level in the given input image, F e and F d denote the exponential and denominational fuzzifiers. When x max = x ij then, μ ij = 1 indicating the maximum brightness. The value of the denomination fuzzifier F d is determined using equation (9) and the value of the exponential fuzzifier F e is proposed to be the mean of the image. 
The fuzzified image is modified using contrast intensification operator (INT). The INT modifies the μ ij membership value and is defined in equation (10).
The fuzzy image thus modified is converted back into spatial domain using inverse transformation called defuzzification, defined in equation (11).
Top-hat transform
In the enhanced image, energy of objects is distributed in all the directions but they occupy only a few pixels and there is no proper structuring information such as shape and texture. This increases the SNR of input image. In order to process the enhanced image, top-hat transform is used to eliminate the remaining noise. The top-hat transform extracts the small elements and its details from an image. There are two types of top-hat transforms namely white top-hat transform and black top-hat transform. The white top-hat transform is defined as the difference between the input image and its opening by structuring element. The black top-hat transform is defined as the difference between the input image closing by structuring element and input image. In this paper, white top-hat transform is used because characteristics of IR image match with this. The properties of white top-hat transform exploited in this work are 1 extract the objects which have size smaller than the structuring element 2 extract the objects with brighter intensity values than its surroundings.
The top-hat transform is defined in equation (12).
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Local adaptive thresholding
The infrared image usually focus the high temperature targets than the background. To detect only the true targets, local adaptive thresholding is designed with two steps.
1 To eliminate the false target, adaptive threshold is defined by maximum and minimum of the image as
where k is a scalar. After a series of experiments, the value of k is chosen as 0.7.
2 To detect the brightness pixel from the image following formula in equation (14) is used.
4 Experimental results and performance analysis
Input images
The proposed method is tested on OTCBVS (OTCBVS Benchmark Data Collection) normal infrared image database. The results are presented in this paper from the OSU thermal pedestrian database. The database contains the collection of ten classes of pedestrian images. These classes hold 284 images with 984 pedestrian objects captured in different scenarios such as light rain, mostly cloudy and haze etc. The height and width of the image are 360 × 240. Each pixel in the dataset is represented by 8 bits (i.e.) 256 grey-levels. The details of each class are shown in Table 3 . Figure 2 shows the enhancement result of proposed method compared with the histogram equalisation (HE) method (Gonzalez and Woods, 2002) and adaptive histogram equalisation (AHE) method (Zhang et al., 2014) . The first row represents the original image, the second row represents the results of the proposed fuzzy-based enhancement image, third row represents the results of HE method and fourth row represents the results of AHE method. From the results perceived, the proposed fuzzy-based enhancement method shows better visualization than other methods. The fuzzy enhancement process gives better visualisation of IR images but increases the SNR value. In order to reduce SNR value, top-hat transform is used. In top-hat transform choosing the structuring element is very important. Based on the average width and height of the pedestrians obtained from ground truth, the size of structuring element is chosen as 21 × 21. Figure 3 shows the result of the top-hat transform on the original image. The first row shows the original images and second row shows the result of top-hat transform on fuzzy enhanced image. From Figure 3 , it is evident that top hat transform alone is not sufficient to detect the pedestrians.
Subjective evaluation of results
For better detection local adaptive thresholding is required to detect the pedestrian(s). For this, the image obtained after applying top-hat transform on fuzzy enhanced image is given as input. The results are shown in Figure 4 . The first row represents the original image, the second row represents result of the proposed method, third row represents the max-median 3 × 3 (Deshpande et al., 1999) result, fourth row represents the top-hat (Haralick et al., 1987) result and fifth row represents the max-median 5 × 5 (Deshpande et al., 1999) result. 
Objective evaluation measures
The metrics for objective evaluation of results are discussed in this section. It helps in better assessing the required information from the images.
Universal image quality index (UIQI)
UIQI (Wang and Bovik, 2002) defined in equation (15) σ -variance of E. The range of UIQI value is between -1 to 1. I and E represent the original image and the enhanced image respectively. If I and E are similar then the UIQI value is 1 and -1 indicates the dissimilarity.
Probability detection rate (PD)
The target detection results are statistically evaluated using the measures PD. This is defined in equation (16) No. of true targets detected 100% Total no. of targets PD = × ( 1 6 )
Performance analysis of proposed method
The UIQI metric is used to show the robustness of the fuzzy enhancement result obtained from proposed method compared to HE, AHE. The comparative analysis of UIQI values are tabulated in Table 4 . Table 4 represents the average value obtained over the images in the corresponding class. From the UIQI value it is observed that all values of proposed enhancement method are close to 1 and superior than the other two methods.
To test the detection rate of proposed method, the results are compared with the existing methods max-median (3 × 3) (Deshpande et al., 1999) , top-hat (Haralick et al., 1987) and max-median (5 × 5) (Deshpande et al., 1999) . Table 5 gives the detection rate of ten classes. Table 5 The detection rate of different detection methods An ROC curve is plotted between the false alarm rate and the probability of detection rate and is shown in Figure 6 . From the ROC curve, it is observed that the value of 0.9 can be considered as the best trade-off between detection rate and false alarm rate. The experimental results in Table 5 indicate the superiority of the proposed method over the other three methods with respect to detection rate.
Class Methods
Proposed
Conclusions
In this paper, a novel and robust object detection method is proposed. The input IR image is enhanced for better visualisation using fuzzy concepts. An adaptive calculation of exponential fuzzifier is proposed through which the denominational fuzzifier is calculated. Top hat transform is applied on the fuzzy enhanced image. Finally, local adaptive thresholding is used to detect the pedestrians in the given IR image. The novelty of the proposed method are two fold. The fuzzy-based enhancement followed by top hat transformation and adaptive calculation of threshold value. The advantages of the proposed method are 1 no prior information is required about original image 2 the parameters required for fuzzy enhancement are adaptively calculated 3 adaptive calculation of threshold value.
The efficacy of the proposed method is clear from the subjective evaluation results of fuzzy enhancement as well as 90% detection of pedestrians compared to other existing methods.
